As a key parameter that represents the structural characteristics and biophysical changes of crop canopy, the leaf area index (LAI) plays a significant role in monitoring crop growth and mapping yield. A considerable amount of farmland is dispersed with strong spatial heterogeneity. The existing time series satellite LAI products fail to capture spatial distributions and growth changes of crops due to coarse spatial resolutions and spatio-temporal discontinuities. Therefore, it becomes crucial for fine resolution LAI mapping in time series over crop areas. A two-stage data assimilation scheme was developed for dense time series LAI mapping in this study. A LAI dynamic model was first constructed using multi-year MODIS LAI data. This model coupled with the PROSAIL radiative transfer model, and MOD09A1 reflectance data were used to retrieve temporal LAI profiles at the 500 m resolution with the assistance of the very fast simulated annealing (VFSA) algorithm. Then, the LAI dynamics at the 500 m scale were incorporated as prior information into the Landsat 8 OLI reflectance data for time series LAI mapping at the 30 m resolution. Finally, the spatio-temporal continuities and retrieval accuracies of assimilated LAI values were assessed at the 500 m and 30 m resolutions respectively, using the MODIS LAI product, fine resolution LAI reference map and field measurements. The results indicated that the assimilated the LAI estimations at the 500 m scale effectively eliminated the spatio-temporal discontinuities of the MODIS LAI product and displayed reasonable temporal profiles and spatial integrity of LAI. Moreover, the 30 m resolution LAI retrievals showed more abundant spatial details and reasonable temporal profiles than the counterparts at the 500 m scale. The determination coefficient R 2 between the estimated and field LAI values was 0.76 with a root mean square error (RMSE) value of 0.71 at the 30 m scale. The developed method not only improves the spatio-temporal continuities of the LAI at the 500 m scale, but also obtains 30 m resolution LAI maps with fine spatial and temporal consistencies, which can be expected to meet the needs of analysis on crop dynamic changes and yield mapping in fragmented and highly heterogeneous areas.
Introduction
Monitoring local crop production is very critical for national food security and sustainable development of agriculture. Therefore, it is remarkably significant to carry out the growth-monitoring and yield estimation of crops. The leaf area index (LAI) derived from remotely sensed data is an important parameter monitoring crop growth and estimating yield at regional or global scales [1] [2] [3] . The LAI directly denotes photosynthesis, transpiration efficiency and the energy balance of plants [4, 5] . Generally, it is defined as the sum of one-side green leaf areas per unit surface area [6] .
At present, various kinds of remotely sensed LAI products have been released free of charge, such as MODIS LAI [7] , GLASS LAI [8] and GEOV1 LAI [9] . However, most of them are retrieved from instantaneous satellite observations, without considering the phenological variations of different crops [10, 11] . Subsequently, these products sometimes hold poor data quality and abnormal fluctuations in the time series due to the effects of cloud contaminations, satellite sensors, retrieval algorithms, etc [12] . The existing multi-temporal LAI products behave poorly and show significant differences in seasonal characterizations over mountainous areas [5] . Moreover, from the perspective of spatial dimensions, the crop areas are usually composed of multiple land cover types, which easily leads to strong spatial heterogeneity and fragmentation of farmlands. The current coarse spatial resolution (i.e., ≥500 m) LAI products fail to reasonably describe the distribution characteristics of farmlands in fragmented landscapes [5] . The product accuracies are hard to satisfy the needs of dynamic monitoring on crops. Therefore, it is necessary to spatially and temporally map continuous LAI from remotely sensed data in crop regions.
Fine resolution (e.g., 30 m) LAI mapping in the time series is expected to provide data support for crop growth monitoring and accurate yield estimations in fragile areas. In addition, most crop growth models strongly need fine spatial and temporal resolution LAI values as inputs for precision agriculture management and yield predictions. The image fusion techniques are beneficial to enhance the temporal and spatial resolutions of satellite-derived LAI with the help of temporal, spectral and spatial information from multi-resolution observations [13] [14] [15] [16] . They generate single synthetic fine-resolution imagery at the prediction date when one or more observed pairs of coarse-and fine-resolution images for training and a coarse-resolution image at the prediction date are given as input data. However, the quality of a synthetic scene seems to degrade when the prediction date is far apart in time from the counterpart of observed pairs because of the weak fusion assumption in this case [15] . Furthermore, two or more fine-resolution images are required as input data so as to improve the performance of data fusion methods. Unfortunately, it is sometimes difficult to obtain two or more image pairs for training during the vegetation growing season owing to cloud coverage, the revisit period or other reasons [17] . Additionally, most data fusion techniques are not capable of describing abrupt changes of land cover types over heterogeneous surfaces [18] . These foregoing problems evidently constrain the applications of image fusion methods in the dense time series (rather than single) and fine resolution LAI mapping during crop growth season.
In recent years, land surface data assimilation methods [19] are considered as an attractive alternative to estimate spatially and temporally continuous LAI through the integration of remotely sensed observations and a crop growth model [20, 21] . The data assimilation algorithms can introduce a crop growth model into satellite-based LAI retrievals, which fully utilizes the spatial advantages of satellite observations and the temporal characteristics of a crop model [19] . This practice is potential to improve the spatio-temporal continuities and retrieval accuracies of LAI mapping [22, 23] . More importantly, data assimilation techniques are expected to generate fine spatio-temporal resolution LAI maps by fusing multiresolution (e.g., 1 km, 500 m, and 30 m), multitemporal and multisensor (e.g., MODIS and Landsat) satellite observations. [24, 25] estimated the temporal high-resolution LAI by combining 1 km MODIS LAI products and ASTER/HJ CCD reflectance data through a dynamic Bayesian network. The coarse resolution LAI products were used to build an empirical crop growth model so as to depict the LAI variations in the time series. It is noted that the predictive performance of an empirical model built from satellite LAI products was sometimes limited by the quality of original LAI products themselves [22, 23] . It is expected that an empirical crop growth model is constructed from the spatially and temporally continuous LAI assimilation results rather than the current LAI products, which subsequently may improve the retrieval accuracy of LAI at fine resolution.
In this context, this work aims to (1) eliminate the spatio-temporal discontinuities of existing LAI products (e.g., MODIS LAI) and map spatially and temporally continuous LAI at the 500 m resolution using a data assimilation technique, and (2) further improve fine spatial (i.e., 30 m) and temporal resolution LAI mapping in fragmented areas by downscaling the 500 m resolution LAI estimations.
Methodology
A two-stage data assimilation scheme was designed to map LAI dynamics at the 500 m and 30 m resolutions. At the 500 m scale, an empirical LAI dynamic model was first constructed using multi-year MODIS LAI products to describe the temporal variations of LAI. Then, the LAI dynamic model was coupled with the PROSAIL radiative transfer model to simulate crop canopy reflectance. Meanwhile, the high-quality reflectance data from the MOD09A1 product acquired during the crop growing season served as time series observations. The very fast simulated annealing (VFSA) algorithm was used to adjust the temporal LAI values so as to minimize the differences between the simulated and observed reflectance data. Thus, the time series LAI maps were derived at the 500 m resolution ( Figure 1 ). current LAI products, which subsequently may improve the retrieval accuracy of LAI at fine resolution. In this context, this work aims to (1) eliminate the spatio-temporal discontinuities of existing LAI products (e.g., MODIS LAI) and map spatially and temporally continuous LAI at the 500 m resolution using a data assimilation technique, and (2) further improve fine spatial (i.e., 30 m) and temporal resolution LAI mapping in fragmented areas by downscaling the 500 m resolution LAI estimations.
A two-stage data assimilation scheme was designed to map LAI dynamics at the 500 m and 30 m resolutions. At the 500 m scale, an empirical LAI dynamic model was first constructed using multiyear MODIS LAI products to describe the temporal variations of LAI. Then, the LAI dynamic model was coupled with the PROSAIL radiative transfer model to simulate crop canopy reflectance. Meanwhile, the high-quality reflectance data from the MOD09A1 product acquired during the crop growing season served as time series observations. The very fast simulated annealing (VFSA) algorithm was used to adjust the temporal LAI values so as to minimize the differences between the simulated and observed reflectance data. Thus, the time series LAI maps were derived at the 500 m resolution ( Figure 1 ). At the 30 m spatial resolution, a new LAI dynamic model was first built from the 500 m scale LAI assimilations. Subsequently, the temporal LAI values were estimated using the continuous correction assimilation method through the combination of this dynamic model and LAI retrievals from Landsat 8 OLI data. Finally, the assimilated LAI results at the 500 m and 30 m scales were validated directly or indirectly from the aspects of spatial patterns, temporal variations and quantitative accuracy evaluations ( Figure 1 ).
The introductions of an empirical LAI dynamic model, the PROSAIL model and the data assimilation methods are described in detail in Sections 2.3 and 2.4, respectively.
Study Area
The study area (105 • 09"-105 • 50"E, 31 • 11"-31 • 24"N) is located in Yanting County, Mianyang City, Sichuan Province, China ( Figure 2 ). The hills and low-mountains are the dominating landform types. The elevation gradually increases from south to north. The climate is a subtropical monsoon, with distinct seasons as well as concentrated precipitation. The study area is cross-distributed with paddy fields, dry lands and forests. Its summer crops are mainly rice and maize, the growing season of which is from April to October. from Landsat 8 OLI data. Finally, the assimilated LAI results at the 500 m and 30 m scales were validated directly or indirectly from the aspects of spatial patterns, temporal variations and quantitative accuracy evaluations ( Figure 1 ). The introductions of an empirical LAI dynamic model, the PROSAIL model and the data assimilation methods are described in detail in Sections 2.3 and 2.4, respectively.
The study area (105°09″-105°50″E, 31°11″-31°24″N) is located in Yanting County, Mianyang City, Sichuan Province, China ( Figure 2 ). The hills and low-mountains are the dominating landform types. The elevation gradually increases from south to north. The climate is a subtropical monsoon, with distinct seasons as well as concentrated precipitation. The study area is cross-distributed with paddy fields, dry lands and forests. Its summer crops are mainly rice and maize, the growing season of which is from April to October. 
Data Sets
The data sets mainly include the MODIS LAI product MOD15A2H, bidirectional surface reflectance product MOD09A1, Landsat 8 surface reflectance data, field LAI measurements and the land cover map.
Field LAI Measurements
During 7-15 August, 2013, 57 square quadrats were designed in rice and maize cultivated areas, each of which is 30 m × 30 m in size. In each sampling quadrat, the field LAI measurements were collected at six subplots of 1 m × 1 m using the LAI-2200 plant canopy analyzer. One above-canopy incident radiation was firstly observed, and then eight below-canopy recordings were measured evenly for the LAI calculation in each subplot. The LAI value was taken as the average of six LAI samples in each quadrat. The selections of quadrats mainly followed the principles of spatial representativeness and sampling accessibility. Considering the effective LAI obtained from LAI-2200 was prone to be underestimated when the crop leaves were not randomly distributed, the effective 
Data Sets
Field LAI Measurements
During 7-15 August, 2013, 57 square quadrats were designed in rice and maize cultivated areas, each of which is 30 m × 30 m in size. In each sampling quadrat, the field LAI measurements were collected at six subplots of 1 m × 1 m using the LAI-2200 plant canopy analyzer. One above-canopy incident radiation was firstly observed, and then eight below-canopy recordings were measured evenly for the LAI calculation in each subplot. The LAI value was taken as the average of six LAI samples in each quadrat. The selections of quadrats mainly followed the principles of spatial representativeness and sampling accessibility. Considering the effective LAI obtained from LAI-2200 was prone to be underestimated when the crop leaves were not randomly distributed, the effective values were transformed into real the LAIs using the clumping index [26] . The field LAI measurements were mainly used to carry out accuracy evaluation of the LAI assimilation at the 30 m resolution.
MODIS Products (1) MODIS LAI Product
The collection 6 MODIS LAI product MOD15A2H with an 8-day temporal interval and a 500 m sinusoidal grid from 2000 to 2013 was downloaded from https://search.earthdata.nasa.gov/. The retrieval methods of MOD15A2H product include the main algorithm and the backup one. The former uses a three-dimensional radiation transfer model to construct a lookup table for LAI retrieval. When the main algorithm fails, the back-up algorithm would be used to retrieve LAI based on the empirical statistical relationships between the LAI and normalized difference vegetation index (NDVI) across different vegetation types [27] . Note that no significant changes existed in the structural attributes of the study area during 2000 to 2013 through the field campaigns and a questionnaire-based survey. Therefore, the mean MODIS LAI values derived from the main algorithm during 2000 to 2012 were applied to construct an empirical LAI dynamic model, which provided prior knowledge for retrieving the time series LAI at the 500 m resolution. The MODIS LAI product in 2013 was used as indirect references to evaluate the assimilated LAI results.
(2)) MODIS reflectance product
The bidirectional reflectance product MOD09A1 has a spatial resolution of 500 m and a temporal resolution of 8-day in the sinusoidal projection. Each pixel is composed of the highest quality data in an interval of 8 days. Besides the reflectance data, MOD09A1 data also include the layers of viewing the zenith angle, solar zenith angle, relative azimuth angle, actual day of year, quality control, etc. During the crop growing season, 10 observations were acquired from Julian days 177-249, which served as time series satellite reflectance data to estimate LAI at the 500 m resolution.
Fine Resolution LAI Reference Map
Landsat 8 OLI surface reflectance with a 30 m spatial resolution in the UTM projection was downloaded from https://earthexplorer.usgs.gov/. In our study, only one clear-sky OLI image was obtained on 13 August (i.e., Julian day 225) during the crop growing season mainly due to the effect of cloud and fog contaminations all the year-round. Our previous research had calculated seven vegetation indices, such as NDVI, SR, SAVI, DVI, MNDVI, RSR and SWVI, based on this Landsat 8 OLI image for LAI retrievals using the partial least squares regression (PLSR) approach [5] . On one hand, this retrieved LAI was mainly considered as the direct validation data to evaluate the assimilated LAI results at the 500 m resolution. On the other hand, it served as the driving data to carry out LAI assimilation at the 30 m resolution.
Ancillary Data
The 30 m resolution land cover product in Southwestern China was mapped from multi-source remotely sensed data (e.g., HJ-1A/B, Landsat and topographic data) through an object-oriented classification method and a decision tree technology. A classification symbol database was first built on the basis of high resolution (e.g., 30 m) images and ground-based samples. Moreover, multi-temporal images were processed in the software eCognition for image segmentation to get object layers. They enriched the object-based features (e.g., texture and shape) in the classification feature database. Then, a set of classification rules was automatically extracted from the database mentioned above using the decision tree technology. Finally, the land cover map in Southwestern China was mapped by means of these rules. The overall accuracies of the primary and secondary classifications reach 95.09% and 90.34%, respectively [28] . In this study, the land cover map was used to extract crop areas, while other types were masked during the data assimilation process.
Data Preprocessing
All of the MODIS products were re-projected from the sinusoidal to UTM projection using the MODIS reprojection tool (MRT) and were transformed from HDF to TIFF format for subsequent processing. As for MODIS LAI, only the values derived from the main algorithm were used, which assumed to be more reliable than the backup algorithm. As for the MOD09A1 product, only data with high quality (i.e., quality control flag was zero) were selected.
Models

LAI Dynamic Model
The temporal changes of the LAI during crop growth season can be depicted through a LAI dynamic process model. At the 500 m scale, a double-logistic model built from multi-year MODIS LAI products with good quality was used to describe the temporal variations of the crop LAI. The temporal LAI profiles were determined by three coefficients (i.e., p, q and LAI max ) to a great extent. In our study, these coefficients were regarded as free parameters that needed to be re-estimated during the data assimilation process.
A logistic function is expressed as:
where LAI t represents the predicted LAI at time t (i.e., Julian day); p and q are the fitting parameters; LAI max is the maximum values of the LAI during crop growing season; LAI int is the MODIS LAI value at an initial time.
At the 30 m scale, the assimilated LAI results with the 500 m resolution served as prior information of time series LAI variations to build a LAI dynamic model.
PROSAIL Radiative Transfer Model
The PROSAIL radiative transfer model which couples the PROSPECT leaf optical model [29] with the SAIL canopy bidirectional reflectance model [30] was used for crop (i.e., rice and maize) LAI assimilation at the 500 m resolution. The PROSAIL model clearly describes the relationship between the vegetation traits (e.g., LAI) and the canopy bidirectional reflectance. It can simulate the spectrum reflection of the homogeneous vegetation canopy from 400 to 2500 nm. This model has also been widely applied in LAI retrievals [31] . The input parameters of the PROSAIL model include the leaf structure coefficient (N), chlorophyll content (C ab ), carotenoids content (C ar ), leaf water content (C w ), dry matter content (C m ), leaf area index (LAI), hot-spot size parameter (H spot ), average leaf angle (ALA), soil moisture ratio (P soil ), solar zenith angle (tts), viewing zenith angle (tto) and relative azimuth angle (psi).
The crop parameters (e.g., LAI, ALA) may be different due to the diversity of crops, the different crop growing stages, and other reasons. Our previous study showed that four inputs, such as LAI, ALA, C ab , and C m , had greater impact on the simulated reflectance than others in the PROSAIL model [21] . Hence, these four inputs which represented the differences of crop types, development stages, growing status, etc were taken as free parameters and were updated during the data assimilation process. The others were set as constants according to the information from the image acquisition times, crop types, growth stages and so forth. Note that the LAI values were derived from the logistic function of the LAI (i.e., Equation (1)). That is, the LAI dynamic model could be coupled with the PROSAIL model through the LAI to simulate crop canopy reflectance.
Data Assimilation Algorithms
Given that the available number of MOD09A1 and Landsat observations is different, the very fast simulated annealing (VFSA) and continuous correction algorithms were used to estimate the time series LAI at 500 m and 30 m resolutions, respectively.
Very Fast Simulated Annealing Algorithm
The simulated annealing (SA) algorithm is a heuristic random search technique based on the annealing process of solid materials. It can find the global optimum solution for complex nonlinear systems with less computing resources. Therefore, SA has been applied to retrieve land surface parameters from remotely sensed observations [32] [33] [34] . According to the different spatial search methods and annealing strategies of random variables, various versions of SA have been derived, such as boltzman simulated annealing (BSA) and very fast simulated annealing (VFSA), and so forth. [22, 35] indicated the VFSA algorithm performed well in the time series LAI assimilation. Therefore, the VFSA approach was used to minimize the cost function δ (Equation (2)) which described the difference between the simulated and observed reflectance for the LAI assimilation in this work.
The cost function is formally expressed by Equation (2).
where i represents the time step; n is the total number of observations (i.e., 10 in this study); y i is the vector of surface reflectance data of red and near-infrared bands from MOD09A1 at time step i; vector H i denotes the PROSAIL model; X is the vector including free parameters from a LAI dynamic model (i.e., p, q and LAI max ) and the PROSAIL model (i.e., ALA, C ab , and C m ); the vector α represents other input parameters except X in the PROSAIL model; R i is the error covariance matrix of remotely sensed observations which set to be diagonal and identical at a different time i.
Continuous Correction Algorithm
A continuous correction method [36] was chosen for LAI assimilation at the 30 m resolution. This method fuses multiple remotely sensed data with various spatio-temporal resolutions and synthetically utilizes the temporal advantages of MODIS data and the spatial superiorities of the Landsat 8 OLI image.
The continuous correction method is illuminated in Equation (3).
where t represents a Julian day in one year; x t a is the updated value of 30 m resolution LAI at Julian day t; x t a represents the VFSA-based LAI assimilation values at the 500 m resolution on Julian day t; P i is the concerning pixel in the Landsat image; n represents the number of satellite observations; x 0 is the 30 m resolution LAI value retrieved from Landsat surface reflectance; w(p i , p j ) is a weight function.
Considering that only one clear-sky OLI image was obtained during the crop growing season, the LAI dynamic model from the 500 m resolution LAI assimilation was updated only using this 30 m resolution LAI map. Hence, the adjustment on x t a was inversely affected by the time interval between the acquisition date of the Landsat image and Julian day t. The longer the interval was, the smaller the adjustment on x t a . Equation (3) was alternatively expressed in Equation (4).
where D day indicates the time interval between our concerning Julian day t and the acquisition date (i.e., Julian day 225) of the 30 m resolution LAI map.
Evaluation of Assimilated LAI Values
The assimilated LAI results at the 500 m and 30 m resolutions were assessed from three aspects, i.e., spatial patterns, temporal continuity and a quantitative accuracy evaluation. The spatial patterns of the temporal assimilated LAI results and MODIS LAI product were first intercompared at the 500 m scale. Furthermore, the spatial distributions of the LAI in the time series were displayed at the 30 m resolution and local spatial details were also intercompared among multiscale LAI results. Then, the temporal continuities of the MODIS LAI product and the assimilated LAI values at the 500 m and 30 m scales were assessed over four randomly selected crop pixels. To keep consistent with spatial resolution, the LAI assimilation results at the 30 m scale were upscaled to the 500 m resolution.
Finally, the assimilated LAI values were quantitatively evaluated at the 500 m and 30 m resolutions, respectively. At the 500 m scale, the fine resolution LAI derived from the Landsat 8 OLI image was regarded as a reference to assess the assimilated LAI results. In order to eliminate the influence of the point spread function, geolocation and scale uncertainties between MODIS and Landsat grids on the LAI retrievals [37] , the frequency histograms of the differences between the upscaled LAI reference map and the 500 m LAI values from the VFSA assimilation and the MODIS LAI product were intercompared. The mean (Mean) and standard deviation (STD) values of these histograms were calculated to assess the consistency between the 500 m resolution LAI results and the LAI reference data. At the 30 m resolution, the field measurements were directly used to validate the assimilated LAI values using the statistical indicators, such as the determination coefficient (R 2 ) and root mean square error (RMSE). From the perspective of the temporal LAI changes, a significant decline on Julian day 217 is found in MODIS LAI during the peak growth period of crops, which is inconsistent with the crop growth process. Overall, the variations of the MODIS LAI products prove to be unstable and the description of the gradual change process over the crop growth stage is insufficient. Furthermore, the MODIS LAI products are evidently discontinuous. In contrast, the LAI assimilation results perform better. The LAI values increase from Julian day 177, peak at approximately Julian day 201-209 and then decrease gradually with evident phenological variations. The spatial distribution and the temporal trajectories of the assimilated LAI values during the growing season are clearly found at the 500 resolution in Figure 4 . 
Results
Spatial Patterns of LAI
Spatial Distributions of Assimilated LAI at the 500 m Resolution
Spatial Distribution of Assimilated LAI at the 30 m Resolution
Compared to the 500 m resolution LAI assimilation, the assimilated LAI results at the 30 m scale ( Figure 5 ) display a clearer seasonal green-up and senescence mode, as well as more prominent spatial distribution details and abundant texture information. Figure 6 shows an enlarged case on Julian day 225 in the red square area marked in Figure 5 . The spatial distribution of crops is shown in Figure 6a . The assimilated LAI results derived from the 500 m resolution MODIS reflectance observations are illustrated in Figure 6b . They exhibit a large number of mixed pixels and low values when compared to the 30 m resolution LAI results (Figure 6c ). In contrast, the spatial distributions of 
Compared to the 500 m resolution LAI assimilation, the assimilated LAI results at the 30 m scale ( Figure 5 ) display a clearer seasonal green-up and senescence mode, as well as more prominent spatial distribution details and abundant texture information. Figure 6 shows an enlarged case on Julian day 225 in the red square area marked in Figure 5 . The spatial distribution of crops is shown in Figure 6a . The assimilated LAI results derived from the 500 m resolution MODIS reflectance observations are illustrated in Figure 6b . They exhibit a large number of mixed pixels and low values when compared to the 30 m resolution LAI results (Figure 6c ). In contrast, the spatial distributions of LAI are described in detail at the field levels ( Figure 6c ) through fusion of Landsat observations and the assimilated LAI results at the 500 m resolution.
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Evaluation of Assimilated LAI in Time Series
Quantitative Evaluation of Assimilated LAI Results
At the 500 m spatial resolution, Figure 8a makes it clear that the differences between MODIS LAI products and reference LAI values are between −2.5 and 1.8 with a mean value of -0.79 and a standard deviation of 0.73, which distributes in a wide range. Moreover, the LAI differences are less than 0 over 70% of the concerned pixels. This illustrates that the MODIS LAI products contain numerous uncertainties and underestimate the LAI references. The differences between the assimilated LAI results and references range from −2 to 1.2 with a mean value of 0.46 and a standard deviation value of 0.56. A high concentration near 0 is found, indicating that the assimilated LAI values at the 500 m scale are more accurate and in better agreement with LAI reference data, when compared to the MODIS LAI products.
At the 30 m spatial resolution, a good agreement between the assimilated LAI and field measurements is observed (R 2 = 0.76 and RMSE = 0.71) (Figure 8b) . The scatter plots of the assimilated and field-observed LAI values basically distribute around the 1:1 line. 
At the 500 m spatial resolution, Figure 8a makes it clear that the differences between MODIS LAI products and reference LAI values are between −2.5 and 1.8 with a mean value of −0.79 and a standard deviation of 0.73, which distributes in a wide range. Moreover, the LAI differences are less than 0 over 70% of the concerned pixels. This illustrates that the MODIS LAI products contain numerous uncertainties and underestimate the LAI references. The differences between the assimilated LAI results and references range from −2 to 1.2 with a mean value of 0.46 and a standard deviation value of 0.56. A high concentration near 0 is found, indicating that the assimilated LAI values at the 500 m scale are more accurate and in better agreement with LAI reference data, when compared to the MODIS LAI products. 
Discussion
Performance of the Proposed Method for Spatially and Temporally Continuous LAI Mapping
The spatio-temporally continuous LAI mapping from satellite observations is a popular research topic in the field of vegetation remote sensing. This study firstly constructed a LAI dynamic model based on the 500 m scale LAI assimilation for next LAI estimations at the 30 m resolution. The LAI dynamic model may result in some bias for finer resolution LAI assimilation due to the mixed effects of multiple types in the 500 m girds [22, 23] . Subsequently, fine resolution LAI retrieved from Landsat 8 OLI data was used to continuously correct the 500 m scale LAI dynamic model and reconstruct the new LAI dynamics suitable for the 30 m scale study. The 30 m resolution LAI assimilations testified that the corrected LAI profiles could effectively represent the crop changes in different spatial positions and clearly describe land surface heterogeneity when compared to the 500 m resolution LAI results. Note that no missing pixels appeared in the LAI assimilation results, which exhibited high integrity, spatial continuity and discrimination, while MODIS LAI proved to be fluctuant which may be contributed to cloud contamination, the instrumentation problem and a deficient retrieval algorithm [4, 5] . The proposed method provided a valuable reference for time series LAI estimations at different scale levels. It is expected that the LAI results are of significance in guiding agricultural production, formulating agricultural policies and maintaining sustainable agricultural development.
The intercomparison between multiscale LAI estimations proved that the 30 m resolution LAI values retrieved by the continuous correction algorithm through the fusion of multi-resolution remotely sensed data obtained a satisfactory accuracy (R 2 = 0.76; RMSE = 0.71) and improved the expression of surface heterogeneity and the descriptions of farmland fragmentation in crop areas. [24] reported the accuracy of 30 m resolution LAI dynamics (R 2 = 0.79; RMSE = 0.61) by combining 1 km MODIS LAI products and HJ CCD reflectance data through a dynamic Bayesian network. [25] showed the accuracy of the temporal high-resolution LAI (R 2 = 0.80; RMSE = 0.43) through the fusion of MODIS LAI and ASTER reflectance data. Although the 500 m resolution LAI assimilation results rather than the MODIS LAI products were used to build an empirical crop growth model for LAI assimilation at the 30 m scale, the accuracy of the LAI estimations was found to be worse than the previous studies [24, 25] . One main reason was that only one Landsat OLI image was used, which further limited the effectiveness of our proposed method. In contrast, 4 and 9 high-resolution images were used for LAI assimilation [24] and [25] , respectively.
It was worthwhile to note that the temporal LAI differences between 30 m and 500 m resolution assimilations were insignificant on Julian days 201-217 when the crop LAI reached the peak value (Figure 7) . This is mainly attributed to the fact that the pixels of different spatial resolutions are fully covered with crop and multiscale satellite observations consistently capture the information of homogeneous crop canopy. In contrast, the visible LAI differences are found over two spatial scales at the early and senescence stages of crop growth (e.g., Julian days 153-177, and 257-273). This may At the 30 m spatial resolution, a good agreement between the assimilated LAI and field measurements is observed (R 2 = 0.76 and RMSE = 0.71) ( Figure 8b ). The scatter plots of the assimilated and field-observed LAI values basically distribute around the 1:1 line.
Discussion
Performance of the Proposed Method for Spatially and Temporally Continuous LAI Mapping
The intercomparison between multiscale LAI estimations proved that the 30 m resolution LAI values retrieved by the continuous correction algorithm through the fusion of multi-resolution remotely sensed data obtained a satisfactory accuracy (R 2 = 0.76; RMSE = 0.71) and improved the expression of surface heterogeneity and the descriptions of farmland fragmentation in crop areas. [24] reported the accuracy of 30 m resolution LAI dynamics (R 2 = 0.79; RMSE = 0.61) by combining 1 km MODIS LAI products and HJ CCD reflectance data through a dynamic Bayesian network. [25] showed the accuracy of the temporal high-resolution LAI (R 2 = 0.80; RMSE = 0.43) through the fusion of MODIS LAI and ASTER reflectance data. Although the 500 m resolution LAI assimilation results rather than the MODIS LAI products were used to build an empirical crop growth model for LAI assimilation at the 30 m scale, the accuracy of the LAI estimations was found to be worse than the previous studies [24, 25] . One main reason was that only one Landsat OLI image was used, which further limited the effectiveness of our proposed method. In contrast, 4 and 9 high-resolution images were used for LAI assimilation [24, 25] , respectively.
It was worthwhile to note that the temporal LAI differences between 30 m and 500 m resolution assimilations were insignificant on Julian days 201-217 when the crop LAI reached the peak value (Figure 7) . This is mainly attributed to the fact that the pixels of different spatial resolutions are fully covered with crop and multiscale satellite observations consistently capture the information of homogeneous crop canopy. In contrast, the visible LAI differences are found over two spatial scales at the early and senescence stages of crop growth (e.g., Julian days 153-177, and 257-273). This may be explained by the fact that the surface reflectance data from most pixels at the 500 m resolution reflect the mixed effects of crop, soil and other types, considering that the fragmental landscape structures are serious during these periods. Furthermore, the LAI differences between the upscaled LAI reference map and the MODIS LAI products are negative over 70% of the concerned pixels (Figure 8a) . That is, the MODIS LAI products underestimate the LAI references. In fact, the underestimation of MODIS LAI is universal at crop regions, which is in line with the findings of [5, 10] . This phenomenon is partly attributed to the large-scale differences between coarse resolution products and actual crop fields. There is little crop field with large areas so that the 500 m pixel usually reflects the mixed signals from crop and other land cover types. At the 30 m scale (Figure 8b) , the retrieved LAI from Landsat 8 OLI data was used to adjust the 500 m scale LAI dynamic model. The assimilated LAI values are easily affected by the Landsat-based LAI, especially on Julian day 225, according to the formula of the continuous correction algorithm. Most assimilated LAI values appear to be lower than the field measurements when the LAI is large. This can be explained by the fact that the spectral signal saturation cannot be certainly neglected at moderately large LAI [21] . On the other hand, most assimilated LAI values are higher than the field measurements when LAI is low, which is associated with the characteristics of the LAI retrieved from Landsant OLI.
Limitations of this Study and Prospects for Future Studies
Currently, the acquisitions of fine resolution optical images are seriously limited due to the revisit period of satellite sensors and adverse weather conditions (e.g., cloud), especially over southwestern China. In this study, only one Landsat 8 OLI reflectance image was acquired during the crop growing season, which might decrease the positive roles of the continuous correction assimilation algorithm. The integration of data from multisource sensors can compensate for the data deficiency of a single sensor for the LAI estimations at high spatio-temporal resolutions [38] [39] [40] . At present, several high-resolution optical sensors, such as Sentinel-2, GF and SPOT, provide multiple observations with different revisit periods during crop growth seasons. More importantly, a mixture of optical and microwave sensors increases the frequency of usable satellite data. Further study will reconstruct the complementary satellite dataset from multisource sensors for high resolution LAI retrievals. In addition, the image fusion schemes, such as STARFM [41] and ESTARFM [42] , overcome the contradiction between spatial and temporal resolutions of different sensors to derive the surface reflectance data at fine spatio-temporal resolution levels. These reflectance data can be adopted to estimate high spatial and temporal resolution LAI with the help of data assimilation algorithms in future researches.
It should be noted that only the temporal LAI dynamics was integrated into the current data assimilation process in the present study, while other vegetation parameters (e.g., ALA, Cab, Cm) used in the PROSAIL model may possess inherent temporal change laws. The lack of temporal information for these parameters except the LAI still brings uncertainties for the time series LAI assimilation. Therefore, one potential future-research priority should focus on the integration of temporal profiles of the multiple biophysical variables and multisource remotely sensed observations to improve the accuracy of the time series LAI estimations.
Conclusions
The spatially and temporally continuous LAI mapping at the 500 m and 30 m scales were achieved with the help of the VFSA and continuous correction assimilation algorithms. Compared to MODIS LAI products, the assimilated LAI results at the 500 m scale showed better spatial integrity and temporal continuity. The proposed method was feasible and effective to solve the spatio-temporal discontinuities of the existing LAI products and improved the accuracy of coarse resolution LAI retrievals. The LAI maps at the 30 m scale represented the characteristics of spatial heterogeneity of farmlands in fragile areas and generated good consistency with the corresponding field LAI measurements (R 2 = 0.76, RMSE = 0.71). Furthermore, the temporal profiles of LAI at the 30 m scale captured the gradual changes of the LAI in the time series and reasonably described the crop growth process. The comparisons of the temporal LAI profiles between the 30 m and 500 m resolutions showed the change of spatial heterogeneity with time in different crop growth stages.
The multi-stage data assimilation strategy in this study not only offered a methodology to downscale coarse resolution LAI products, but also provided a good reference for fine resolution retrievals of other biophysical parameters (e.g., the fraction of absorbed photosynthetically active radiation and fraction of vegetation cover) from multiresolution satellite images. More importantly, this study fills the gap in fine resolution LAI retrievals in the time series over fragmented areas, which is particularly important for supporting precise farming activities in these regions.
